ABSTRACT: Gompertz growth functions were fitted to longitudinal measurements of daily feed intake (DFI) and BW of 586 boars and 495 gilts from a selection experiment in Yorkshire pigs for residual feed intake (RFI). The selection experiment consists of a line selected for low residual feed intake (LRFI) for 5 generations and a randomly selected control line (CTRL). The objectives of this study were to use Bayesian methods to estimate genetic parameters of the Gompertz curve parameters for DFI and BW, to evaluate the effect of selection for reduced RFI on the Gompertz parameters and shape of curves for DFI and BW, and to develop methodology for quantifying genetic variation at the level of the original phenotypes for DFI and BW based on the Bayesian analysis of the nonlinear model. Separate analyses were done for boars and gilts and for BW and DFI. A hierarchical model was specified in 2 levels: in the first level, the Gompertz function was modeled for each pig, and at the second level, a 3-trait linear mixed model was fitted to the 3 Gompertz parameters (asymptotic value, inflection point, and decay parameter), with fixed effects of line by generation and random effects of additive genetic and environmental effects. Bayesian methods were used to combine the 2 levels of modeling. A total of 30,000 random samples of the posterior distributions after convergence of Markov chains were used for inference. Posterior means of heritability within the first level of the model for the asymptotic value, inflection point, and decay parameter for DFI were 0. 
INTRODUCTION
The Gompertz function is one of the most popular nonlinear functions for modeling animal growth processes (Whittemore et al., 1988; Emmans and Kyriazakis, 1999) . Varona et al. (1997 Varona et al. ( , 1998 ) specified a hierarchical Bayesian method for analyses of production curves, which Blasco et al. (2003) used to analyze Gompertz growth curves in rabbits. Against this background, the first objective was to apply the hierarchical Bayesian method to investigate genetic variation of the parameters of Gompertz curves for longitudinal daily feed intake (DFI) and BW data from a selection experiment for reduced residual feed intake (RFI) in Yorkshire pigs [see Cai et al. (2008) for details], and to evaluate the effect of selection for reduced RFI on curves for DFI and BW.
Two possible modeling options can be used to evaluate line difference in a selection experiment. In the first modeling option, line by generation is fitted as a fixed effect along with a random animal genetic effect and the genetic mean for a line in a given generation is estimated by the sum of the estimate of the line effect and the average random animal genetic effects for individuals from that line and generation. The second option does not include line by generation as an effect in the model, in which case the genetic mean is directly estimated by the average random animal genetic effects within line and generation. Therefore, the second objective of this study was to evaluate these 2 modeling options on estimates of line differences for Gompertz curve parameters under the framework of the hierarchical Bayesian analysis.
In the hierarchical Bayesian analysis of Varona et al. (1998) , genetic variation is modeled at the level of the nonlinear model parameters, not at the level of the phenotypic measurements. Therefore, the third objective was to develop methodology for quantifying genetic variation at the level of the original phenotypes for DFI and BW based on the Bayesian analysis of the nonlinear model.
MATERIALS AND METHODS
Experimental protocols for this study were approved by the Iowa State University Institutional Animal Care and Use Committee.
Data
A total of 1,081 Yorkshire pigs, 586 boars and 495 gilts, from 7 generations (−1, 0, up to 5) of the selection experiment for reduced RFI described by Cai et al. (2008) were used in this study. A summary of the longitudinally measured DFI and BW data are in Table 1 . The DFI and BW data sets were the same as in the study of Cai et al. (2011b) . The population was randomly split into the control and low RFI (LRFI) line in generation 0. In generations 1 to 4, only the LRFI was evaluated and the control line was randomly selected. In generation 5, both lines were evaluated as contemporaries by placing equal numbers of pigs from each line in each pen of 15 to 16 pigs.
Model Specification
The hierarchical model that was used for analysis of the longitudinal DFI and BW data are specified in 2 levels, following Varona et al. (1997) . For the first level of the model, the Gompertz nonlinear function was chosen to model individual feed intake and growth curves. The Gompertz function has 3 parameters with biological interpretations (Ratkowsky, 1990) . The second level of the model describes variation among pigs for the Gompertz curve parameters by a linear mixed model. The linear mixed model was fitted with 2 specifications. Model 1 included the fixed effect of generation (−1, 0, 1, 2, 3, 4, and 5) and random genetic and environmental effects. Model 2 included the combination of generation by line (−1, 0, 1, 2, 3, 4, 5, and 6) as the fixed effect, along with random genetic and environmental effects. Note that the difference between models 1 and 2 is only in the final generation, 5, because that is the only generation in which the control line was also evaluated; model 1 fitted a common systematic effect for the 2 lines in generation 5 and model 2 fitted separate systematic effects for the LRFI and CTRL lines Boars  LRFI  93  86  14  Gilts  LRFI  100  91  15  0  Boars  LRFI  76  107  17  Gilts  LRFI  77  119  19  1  Boars  LRFI  69  103  16  Gilts  LRFI  70  102  16  2  Boars  LRFI  68  91  15  Gilts  LRFI  86  91  15  3  Boars  LRFI  51  111  18  4  Boars  LRFI  78  85  20  5  Boars  LRFI  64  63  9  CTRL  87  61  9  Gilts  LRFI  75  53  9  CTRL  87  49  9 1 Line: LRFI = low residual feed intake line; CTRL = control line. 2 DFI = daily feed intake; the number of measurements range from 48 to 152 for generation −1 to 4 and from 25 to 84 for generation 5. 3 The number of measurements range from 9 to 23 for generation −1 to 4 and from 6 to 10 for generation 5.
in generation 5. Because of computing constraints, the analyses were done separately for boars and gilts and separately for BW and DFI. All programs were written using the R program (R Development Core Team, 2010).
Gompertz Nonlinear Function
The observations y ij of BW or DFI for pig i measured on t ij days of age were modeled by the Gompertz nonlinear function:
, u e where β k i ( ) represents the fixed effect of generation k(i) = −1, 0, ..., 5 for pig i for model 1 and the fixed effect of generation by line k(i) = −1, 0, ..., 5, 6 for pig i for model 2; u i and e i represent random animal genetic and environmental effects for pig i. The variance and covariance matrices for the animal genetic and environmental effects and the phenotypic variance and covariance matrix (P = G + R) for the vector of Gompertz parameters θ i are denoted as follows:
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In matrix form, the model for the 3 parameters of the Gompertz function is denoted as
The distributional assumption for random animal genetic effects was (
where A is the numerator relationship matrix between animals. The A relationship matrix was formulated based on all 9,327 pigs in the complete pedigree for both lines, and A −1 (the inverse of the relationship matrix A) was calculated using ASREML (Gilmour et al., 2006) . Only the n rows and n columns corresponding to pigs with phenotypic data (n = 586 for boars and n = 495 for gilts) were kept in the A −1 matrix for later analyses, with entries denoted as A ij for i and j = 1, ..., n.
Bayesian Analysis
Prior Distributions. An improper prior distribution was proposed for parameter β as g(β) = g(β k ; k = −1, 0, ..., 5 for model 1 or k = −1, 0, ..., 5, 6 for model 2) ∝ constant. We proposed the inverse χ 2 prior distribution for the residual variance 2 for DFI and to 7 (kg) 2 for BW for boars and gilts based on the results of phenotypic analyses (Cai et al., 2011a) . The scale matrices G 0 and R 0 for DFI and BW for boars and gilts were obtained from a 3-trait 2-stage analysis of the Gompertz curve parameters of 353 boars and 240 gilts. In this 2-stage analysis, Gompertz curve parameters for DFI and BW could only be estimated for 353 of 586 boars and for 240 of 495 gilts based on the data of each individual pig because of the relatively small number of records along the limited recorded length of the growth period for each animal. A detailed description of the 2-stage analysis is given later.
Conditional Posterior Distributions. The joint posterior distribution is
The full conditional posterior distributions to run the Gibbs sampler for parameters are derived in the Appendix.
Dimensions of vector u were too large to sample the whole vector from a multivariate normal distribution. Instead, subvectors u 1 , u 2 , ..., u n were sampled individually conditional on all others, i.e., sample
detailed derivations in the Appendix), where u i represents the animal genetic effects for the 3 Gompertz parameters for pig i and u −i represents vector u with the 3 elements for pig i removed. Wright et al. (2000) showed that sampling either the whole vector u or u 1 , u 2 , ..., u n individually conditional on all others both result in a Gibbs sampler with a stationary distribution for the posterior distribution. Each iteration of the Gibbs sampler for the whole vector u is very slow if the dimension of u is large, whereas each iteration is much faster for sampling u 1 , u 2 , ..., u n individually conditional on all others, although it takes a much larger number of iterations to obtain convergence (Wright et al., 2000) .
Although the asymptotic value a i conditional on all others follows a normal posterior distribution, the posterior distributions of parameters b i and c i do not follow any known parametric family Piles et al., 2003) . Liu (2000) found that drawing vector 
Convergence Diagnosis
Three parallel Markov chains of length 50,000 with overdispersed starting values were run. Statistics of the potential scale reduction factor (Gelman and Rubin, 1992) from the "coda" package in R (R Development Core Team, 2010) were used for convergence diagnosis. Once estimates of the potential scale reduction factor were less than 1.3 for all scalar parameters of interest and remained below 1.3 after that, the 3 chains were diagnosed as converged. The 3 chains converged before 30,000 iterations. To be conservative, posterior samples past 40,000 iterations were collected from all 3 chains and treated as samples from the target distribution.
Inference from Posterior Distributions
For each separate analysis of BW and DFI for boars and gilts, the 30,000 posterior samples were collected from the 3 chains for scalar parameters of variance and covariance components, the fixed effect for generation 5 for model 1, the fixed effects for both lines at generation 5 for model 2, and average animal genetic effects for Gompertz curve parameters at generation 5. All inferences were based on these 30,000 samples. For each of the 30,000 posterior samples, new variables of heritabilities of the 3 Gompertz parameters were calculated as the ratio of animal genetic variance to phenotypic variance for the Gompertz parameters (e.g., For model 1, the genetic means of Gompertz parameters for the LRFI and CTRL lines at generation 5 were calculated as the sum of the fixed effect for generation 5 and the average animal genetic effects for each line in generation 5. For model 2, the genetic means of Gompertz parameters for the LRFI and CTRL lines at generation 5 were calculated as the sum of the fixed effects and the average animal genetic effects for each line in generation 5. The marginal posterior distributions of these new variables were obtained from these 30,000 newly calculated posterior samples.
In addition to genetic parameters of the Gompertz parameters, inferences about genetic parameters, heritabilities, and phenotypic and genetic correlations between ages on the original trait scale are also of interest. The following describes how estimates for the Gompertz parameters were converted to estimates on the original trait scale. From the model specification, it is known that
= and
Var( ) y ij at j days of age and the phenotypic covariance Cov( , ) y y ij ik between days j and k of age for a trait (DFI or BW) were calculated as follows: ( , ) . θ Let γ i denote the sum of the fixed effect of line by generation and the random animal genetic effect for pig i for the Gompertz curve parameters:
Similarly, the genetic variance Var(GV ij ) at j days of age and the genetic covariance
between days j and k of age for a trait were calculated as Var Table 2 shows the means and SD of posterior distributions of the fixed effects, average random animal genetic effects, and average random environment effects from models 1 and 2 by line for boars from the 5th generation. The intention of model 1 was to fit the same fixed effect for both lines and let the random animal genetic effects capture the line differences. However, results show that part of line difference was partitioned into the random environment effects [i.e., the posterior means of the average random environment effects by line deviated from 0 (Table 2) ]. In contrast, model 2 behaved as intended (i.e., the line differences were captured by the systematic line effects and the posterior means of the average random animal genetic and environment effects were very close to 0. Therefore, model 2 was selected as an appropriate model for the Bayesian analysis in this study, and only results from this model will be reported in the remainder. Table 3 shows means and SD of posterior distributions for variance components, heritabilities, and genetic and phenotypic correlations for the 3 Gompertz curve parameters for DFI and BW for boars and gilts. The posterior means of residual variance were 3.92 and 3.47 kg 2 for BW for boars and gilts, and 0.18 and 0.17 (kg/d) 2 for DFI for boars and gilts, respectively (Table 3) . Estimates of the phenotypic variances of the Gompertz curve parameters for DFI were smaller in magnitude for boars than for gilts (Table 3) , but 95% credible intervals for these estimates overlapped, except for the estimate of the phenotypic variance for the inflection point. Estimates of the phenotypic variance of Gompertz curve parameters for BW were similar between boars and gilts, and 95% credible intervals for these estimates overlapped for boars and gilts (Table  3) .
RESULTS

Comparison Between Models 1 and 2 on Model Parameters
Estimates of Genetic Parameters for Gompertz Curve Parameters
Estimates of the heritabilities of the Gompertz curve parameters are shown in Table 3 . It should be noted that these heritabilities are at the level of the model for the curve parameters and do not account for the residual variance of phenotypes beyond the variation that is accounted for by the Gompertz model. These heritabilities would be lower if the residual variance of phenotypes were accounted for. Estimates of heritabilities of the Gompertz curve parameters for DFI were similar between boars and gilts, except that the estimate of heritability of the decay parameter was 0.82 for boars in comparison with 0.57 for gilts (Table 3) . Estimates of heritabilities of the Gompertz curve parameters for BW were greater in magnitude for boars than for gilts (Table 3) . These estimates of heritabilities of the Gompertz curve parameters for DFI and BW tended to differ between boars and gilts for some parameters, but the 95% credible intervals of the estimates for boars and gilts overlapped for all parameters, although the credible intervals were wider for gilts than for boars (Table 3) .
Estimates of genetic and phenotypic correlations between the Gompertz curve parameters for DFI were smaller in magnitude for boars than for gilts, with 95% credible intervals of estimates of genetic and phenotypic correlations between mature DFI and the inflection point, and of the estimate of the phenotypic correlation between the inflection point and the decay parameter for boars and gilts not overlapping (Table 3) . Estimates of the genetic and phenotypic correlations between the Gompertz curve parameters for BW were similar between boars and gilts and greater than 0.9, except a 0.78 estimate of the genetic correlation between mature BW and the decay parameter for gilts (Table 3 ). The 95% credible intervals of the estimates of the genetic and phenotypic correlations between the Gompertz curve parameters for BW for boars and gilts overlapped, although intervals for the genetic correlations were wider for gilts than for boars (Table 3) . Table 4 shows means and SD of posterior distributions for heritabilities for DFI and BW at 105, 135, 165, and 195 d of age, as well as for phenotypic and genetic correlations between these ages. Estimates of heritabilities increased with age, ranging from 0.32 to 0.53 for boars and from 0.17 to 0.38 for gilts for DFI, and from 0.48 to 0.54 for boars and from 0.49 to 0.69 for gilts for BW (Table 4) . Cai et al. (2011b) estimated heritabilities for the same data set using random regression quadratic polynomial models by residual maximum likelihood. Estimates of heritabilities for BW for the same ages in that study ranged from 0.39 to 0.54 for boars and from 0.55 to 0.60 for gilts, which are similar to those obtained here, including having increasing trends with age. Estimates of heritabilities for DFI obtained by Cai et al. (2011b) were, however, less than obtained here, ranging from 0.11 to 0.33 for boars and from 0.14 to 0.22 for gilts. For gilts, trends in heritability for DFI with age obtained by Cai et al. (2011b) were also different, showing an initial increase and then remaining constant, compared with the continuous increasing trend obtained here.
Estimates of Genetic Parameters at Different Ages for DFI and BW
Estimates of genetic and phenotypic correlations between 105, 135, 165, and 195 d of age for DFI and BW decreased with increasing age intervals, with consistent decreasing patterns for boars and gilts (Table 4) . Estimates of phenotypic correlations between 105, 135, 165, and 195 d of age for BW ranged from 0.72 to 0.94 for boars and from 0.78 to 0.96 for gilts, and were similar to the estimates of genetic correlations, which ranged from 0.73 to 0.97 for boars and from 0.80 to 0.99 for gilts (Table 4 ). These estimates of genetic and phenotypic correlations for BW are very similar to estimates from Cai et al. (2011b) . Estimates of phenotypic correlations between 105, 135, 165, and 195 d of age for DFI ranged from 0.15 to 0.44 for boars and from 0.17 to 0.45 for gilts, and were much smaller in magnitude than estimates of genetic correlations, which ranged from 0.59 to 0.97 for boars and from 0.62 to 0.97 for gilts (Table  4) . Cai et al. (2011b) also observed much smaller estimates of phenotypic than genetic correlations for DFI. However, estimates of genetic and phenotypic correlations for DFI from the current study decreased much slower with length of the age interval than observed by Cai et al. (2011b) . Estimates of Gompertz Curve Parameters for DFI and BW Table 5 shows means and SD of the posterior densities of Gompertz curve parameters for the 2 lines for DFI and BW at generation 5 with the posterior probability of line differences being greater than zero. Note that, for boars, estimates of Gompertz curve parameters in Table 5 are the same as the sum of the estimates of the fixed effects and the average animal genetic effects for each line from Table 2 . Line differences (LRFI-CTRL) were declared smaller or greater than 0 if the posterior probabilities of line differences being greater than zero were less than 0.1 or greater than 0.9.
For DFI, the LRFI boars had a decreased mature daily feed intake (2.91 vs. 3.20 kg/d) and an earlier inflection point (85 vs. 95 d) than CTRL boars (Table  5) . Boars from the LRFI line also had a greater decay parameter (73 vs. 66 d) for DFI (Table 5) , but the posterior probability of this line difference being greater than zero was 0.84. Line differences for curve parameters were considered not different for gilts, with the posterior probabilities of the line differences being greater than zero ranging from 0.20 to 0.80. However, line differences for gilts were in the same direction as for boars for mature feed intake and the decay parameter, but in the opposite direction for the inflection point (Table 5) .
For BW, boars from the LRFI line had a lighter mature BW (279 vs. 317 kg), an earlier inflection point (184 vs. 198 d) , and a reduced decay parameter (127 vs. 134 d) than CTRL boars (Table 5 ). In contrast, line differences for gilts were in the opposite direction to those for boars for all 3 parameters. Gilts from the LRFI line had a later inflection point (225 vs. 200 d) and a greater decay parameter (172 vs. 143 d) than CTRL gilts for BW (Table 5 ). The LRFI gilts also had a greater mature BW (317 vs. 298 kg), but the posterior probability of this line difference being greater than zero was 0.86 (Table 5) .
The estimates of the Gompertz curve parameters obtained here are similar to estimates obtained by Cai et Table 3 . Posterior means, SD, and 95% credible intervals (CI) of variance components, heritability, and genetic and phenotypic correlations for Gompertz curve parameters for daily feed intake (DFI) and BW for boars and gilts from model 2 Parameters: σ ε 2 = residual variance; for parameters a (mature BW or DFI), b (inflection point), and c (decay parameter), h 2 = heritability, gcorr = genetic correlation, and pcorr = phenotypic correlation.
2
Empirical SD and 95% CI (quantiles 2.5 to 97.5%) of posterior samples. 0.00 denotes that the number was smaller than 0.005. al. (2011a) from a phenotypic analysis (i.e., without accounting for pedigree information) of the 5th generation of this selection experiment with Gompertz nonlinear mixed models using the NLMIXED procedure (SAS Inst. Inc., Cary, NC). An exception was that the estimates of line differences for the Gompertz curve parameters for gilts for DFI in the study by Cai et al. (2011a) were in the opposite direction or had a very Table 4 . Posterior means and SD (in parentheses) of heritability (on diagonal) and of phenotypic (above diagonal) and genetic (below diagonal) correlations for daily feed intake (DFI) and BW for boars and gilts at different ages from model 2 different magnitude than estimates from the current study (Table 5 ), but estimates from Cai et al. (2011a) had large SE.
Estimates of Gompertz Population Curves with Age
For each of the 30,000 posterior samples, sampled parameters of the Gompertz curve by line at generation 5 were calculated as the sum of the fixed line effect and the average animal genetic effects and used to obtain posterior samples of line means for each day of the growth trajectory. Figure 1 shows the posterior means and 5 and 95% quantiles of these posterior samples by line and visualizes the effect of selection for reduced RFI on the population curves for BW and DFI. Compared with the CTRL line, the LRFI line had a lower DFI curve for both boars and gilts, especially in the later part of the growth period toward maturity (Figure 1a and 1b) . In the later growth period, from approximately 210 d of age, 90% credible intervals for LRFI and CTRL lines for DFI did not overlap for either boars or gilts, but they did overlap from approximately 360 d onward (Figure 1a and 1b) . (Figure 1a and 1b) . These line difference estimates are similar to those obtained from linear random regression analyses of this selection experiment (Cai et al., 2011b) Compared with CTRL boars, LRFI boars had a slightly lower BW curve in the later growth period, from approximately 210 d of age, but the 90% credible intervals for the 2 lines overlapped (Figure 1c ). Toward maturity, from approximately 360 to 540 d of age, LRFI boars had a much lower BW curve than CTRL boars, with 90% credible intervals that did not overlap. Compared with CTRL gilts, LRFI gilts had a lower BW curve in the later growth period, from approximately 210 d of age, with 90% credible intervals that did not overlap, but the 90% credible intervals did overlap toward maturity, past 360 d of age (Figure 1d ). Line differences for BW (LRFI-CTRL) at 105, 135, 165, and 195 d of age were 0.36, 0.07, −0.78, and −2.29 kg for boars and −0.38, −3.16, −6.29, and −9.31 kg for gilts (Figure 1c and 1d) . In comparison, estimates of lines differences for BW at 105, 135, 165, and 195 d of age from linear random regression analyses of this selection experiment (Cai et al., 2011b) were slightly greater for boars, at −0.17, −0.93, −2.04, and −3.49 kg, but similar for gilts, at −0.69, −3.26, −6.02, and −8.96 kg, respectively. In summary, selection for reduced RFI has led to a lower DFI curve and a lower BW curve, especially in the later growth period toward maturity. Line differences for DFI and BW were small at the beginning of the growth period, from approximately 90 d of age, and became larger in the later growth period, at around 210 d of age.
DISCUSSION
Comparison Between Models 1 and 2 for Estimating Line Differences
Linear mixed model methodology has become standard methodology for analysis of selection experiments. If a selection experiment contains a selected line and a concurrent control or divergently selected line sampled from the same base population, response to selection can be evaluated as the difference between lines. Henderson et al. (1959) and Henderson (1975) showed that under certain conditions, response to selection can be evaluated (i.e., the phenotypic trend over time can be partitioned into genetic and environmental components) by mixed model methods without the need for a concurrent control line. Sorensen and Kennedy (1986) further investigated the analyses of selection experiments using mixed model methods and showed that these conditions are very restrictive and assume that 1) the model is the correct and 2) the ratios of the variances of the random effects before selection are known. Sorensen and Kennedy (1984) indicated that the use of data from divergent lines in a single mixed model analysis results in smaller sampling variances for estimates of fixed and random effects compared with not having concurrent lines. Generally, there are 2 possible modeling options to evaluate line differences in a mixed linear model analysis, based on whether a line by generation effect is included or not. If a line by generation effect is not fitted, then the line difference is captured by the difference between the average random animal genetic effects for the 2 lines. If a line by generation effect is included, then the line difference is captured by the sum of the fixed line effect and the difference between the average random animal genetic effects for the 2 lines. In the investigation of appropriate random regression polynomial models for analysis of this selection experiment by Cai et al. (2011b) and W. Cai (unpublished data), we found that these 2 modeling options resulted in very similar estimates of line differences in generation 5 (i.e., fitting a common fixed curve for the 2 lines in each generation vs. a separate fixed curve for each line). In Cai et al. (2011b) , we used the first modeling option of fitting a common fixed curve for the 2 lines, which is the typical approach in the animal breeding literature. Blasco et al. (2003) fitted Gompertz growth curves to data on 137 rabbits from a control and select group from a rabbit line selected for an increased growth rate, where individuals obtained from frozen embryos from generations 3 and 4 were used as the contemporary control group to rabbits from the 10th generation. In that study, the second modeling option was used (i.e., separate fixed effects were fitted for the control and select group for growth curve parameters), and the group difference (select vs. control) was measured by the difference between the fixed effects. In the current study, including or not including line by generation in the Gompertz nonlinear mixed model resulted in very different results. When line by generation was not included, a large part of the line difference was absorbed by random environmental effects (Table 2) . When line by generation was included, the posterior means of the average random animal genetic effects and the average random environment effects for the Gompertz curve parameters were centered at 0 (Table 2) . These results indicate that in a hierarchical Bayesian analysis of a selection experiment using nonlinear mixed models, line differences must be captured by systematic line effects and this modeling option was used for further analyses. Further research is needed to investigate what causes the discrepancy between these 2 modeling options in a Bayesian analysis of nonlinear mixed models.
Two-Stage vs. Bayesian Analyses
A 2-stage method is often used to investigate genetic variation in nonlinear growth curve parameters (Kachman et al., 1988 in mice; Barbato, 1991 in chickens; Koivula et al., 2008 in pigs) . In a 2-stage analysis, growth curve parameters are estimated based the data of each individual in the first stage, which are then used in a genetic analysis in the second stage. The hierarchical Bayesian method (Varona et al., 1998; Blasco et al., 2003) integrates these 2 stages of the analysis. Hierarchical Bayesian analyses of BW and DFI curves by the Gompertz function were investigated in the current study.
The 2-stage method is simple, but the analyses of the first and the second stages are completely separated from each other, which can result in differences from the combined Bayesian method, especially when the accuracy of estimates of growth curve parameters differs between animals because of different numbers of records along the performance curve for each animal or when parameters cannot be estimated for some animals because of limited numbers of observations. In the present study, Gompertz curve parameters for DFI and BW could only be estimated for 353 of 586 boars and for 240 of 495 gilts based on the data of each pig.
Inference from Posterior Samples
Monte Carlo Markov chain methods are the method of choice to explore the posterior distribution of parameters in Bayesian analyses. This method may be computationally demanding, but inferences are easy and flexible for any new variable of interest based on the posterior distributions of parameters that are obtained from the Monte Carlo Markov chains after convergence. For example, marginal posterior distributions of heritabilities and genetic correlations between the 3 Gompertz parameters in the current study were derived from posterior distributions of the corresponding variance components.
Relationship Matrix in the Bayesian Analysis
The relationship matrix for all pigs from all generations in the RFI selection experiment was used to calculate the inverse of the relationship matrix. Only the columns and rows of this inverse corresponding to the pigs with phenotypic data were used in the Bayesian analysis, which is sufficient for estimating genetic parameters and selection response for Gompertz curve parameters. In principle, if predictions of genetic effects for pigs without phenotypic data are of interest, the whole inverse matrix can be included in the Bayesian analysis.
Impact of Pen Effects
The effect of pen within on-test group was not fitted in the Gompertz nonlinear mixed model in the current study because it caused convergence problems. The fixed effect of pen was included in the random regression polynomial model analyses of the same data by Cai et al. (2011b) . Omitting the pen effect is not expected to bias estimates of line differences because pigs from the 2 lines were mixed in pens. Estimates of line differences obtained here were similar to those obtained by Cai et al. (2011b) .
Linear Random Regression Models vs. the Gompertz Nonlinear Mixed Model
As one attempt to investigate use of these longitudinal growth and feed intake data in pig breeding programs, random regression models were implemented for genetic analyses of this selection experiment by Cai et al. (2011b) . The linear random regression models adequately described the observed DFI and BW data and have the advantage of easy implementation using existing software such as ASREML (Gilmour et al., 2006) and are adequate for estimation of breeding values and line differences within age range of the available data. However, the parameters of linear models do not have a biological meaning and give limited insight in the biological data-generating process. In addition, the asymptotic behavior of growth and voluntary feed intake in pigs is difficult to model by linear random regression models, which are dangerous for data extrapolation (Cai et al., 2011b) . In contrast, nonlinear mixed models such as the Gompertz growth model can describe the growth-related process by a few of biologically meaningful parameters, although they are more difficult to fit. Therefore, if the objective of a study is to understand the biological growth-related process across the entire growth trajectory, nonlinear mixed models should be used.
Implications
The objective in pig production is the efficient production of quality lean pork (Clutter and Brascamp, 1998) . In view of the economic importance of feed efficiency, longitudinal measurements of individual DFI and BW for group-housed pigs from electronic feeders are increasingly available in swine breeding programs. The use of these data to manage the shape of feed intake and growth curves is becoming increasingly important and possible for development of effective animal breeding strategies. In this study, Bayesian analyses of a Gompertz nonlinear mixed model were applied to longitudinal DFI and BW data for boars and gilts from a selection experiment for RFI. These models are stochastic, with random genetic and environmental effects fitted for the parameters of the Gompertz curves to accommodate individual pig variation. Estimates of feed intake and growth curves of individual pigs are required to evaluate efficiency of daily lean meat production along the growth trajectory. Evaluation of the genetic variation of Gompertz curve parameters for DFI and BW can be helpful to investigate the possibility of selection on these curve parameters to improve feed efficiency.
On the other side, the difficulty and expense of measuring feed intake and growth traits longitudinally on large numbers of animals prevents the swine industry from exploring and investing further on direct selection on shapes of growth and feed intake curves. However, the rapid development of genotyping technologies, accompanied by a dramatic decrease in genotyping costs, provides opportunities to address these issues. If the genetic variants (e.g., QTL or nucleotides) responsible for the difference in shapes of growth and feed intake curves can be identified, selection on these curves based on genetic markers becomes increasingly possible. The general statistical and genetic framework of identifying genetic variants that underlie these dynamic curves is called functional mapping (Wu and Lin, 2006) . The methodology in this study can be extended to identify such genetic variants to help the swine industry to directly select on shapes of growth and feed intake curves for improving efficiency of pork production. 
APPENDIX
Likelihood and Prior and Conditional Posterior Distributions
